Mapping croplands, including fallow areas, are an important measure to determine the quantity of food that is produced, where they are produced, and when they are produced (e.g. seasonality). Furthermore, croplands are known as water guzzlers by consuming anywhere between 70% and 90% of all human water use globally. Given these facts and the increase in global population to nearly 10 billion by the year 2050, the need for routine, rapid, and automated cropland mapping year-after-year and/or season-after-season is of great importance. The overarching goal of this study was to generate standard and routine cropland products, year-after-year, over very large areas through the use of two novel methods: (a) quantitative spectral matching techniques (QSMTs) applied at continental level and (b) rulebased Automated Cropland Classification Algorithm (ACCA) with the ability to hind-cast, now-cast, and future-cast. Australia was chosen for the study given its extensive croplands, rich history of agriculture, and yet nonexistent routine yearly generated cropland products using multitemporal remote sensing. This research produced three distinct cropland products using Moderate Resolution Imaging Spectroradiometer (MODIS) 250-m normalized difference vegetation index 16-day composite time-series data for 16 years: 2000 through 2015. The products consisted of: (1) cropland extent/areas versus cropland fallow areas, (2) irrigated versus rainfed croplands, and (3) cropping intensities: single, double, and continuous cropping. An accurate reference cropland product (RCP) for the year 2014 (RCP2014) produced using QSMT was used as a knowledge base to train and develop the ACCA algorithm that was then applied to the MODIS time-series data for the years 2000-2015. A comparison between the ACCA-derived cropland products , 2017 VOL. 10, NO. 9, 944-977 http://dx.doi.org/10.1080/17538947.2016 (ACPs) for the year 2014 (ACP2014) versus RCP2014 provided an overall agreement of 89.4% (kappa = 0.814) with six classes: (a) producer's accuracies varying between 72% and 90% and (b) user's accuracies varying between 79% and 90%. ACPs for the individual years 2000-2013 and 2015 (ACP2000-ACP2013, ACP2015) showed very strong similarities with several other studies. The extent and vigor of the Australian croplands versus cropland fallows were accurately captured by the ACCA algorithm for the years 2000-2015, thus highlighting the value of the study in food security analysis. The ACCA algorithm and the cropland products are released through
Introduction and rationale
Information on croplands is critical for assessing global crop water use and food security. Currently, there are 1.5-1.7 billion hectares (or ∼12% of the terrestrial area of the Earth) identified as croplands around the world using a consensus estimate from numerous studies Chen et al. 2015; Friedl et al. 2010; Klein Goldewijk et al. 2011; Monfreda, Ramankutty, and Foley 2008; Pittman et al. 2010; Portmann, Siebert, and Döll 2010; Ramankutty et al. 2008; Salmon et al. 2015; Siebert, Portmann, and Döll 2010; Teluguntla et al. 2015b; Vintrou et al. 2012; Waldner, Canto, and Defourny 2015; Waldner et al. 2016; Wang et al. 2015; Yu et al. 2013) . Croplands are water guzzlers, globally consuming as much as 92% of all human water use (Foley et al. 2005 (Foley et al. , 2011 UNDP 2009; Wada, Beek, and Bierkens 2012; WWAP 2014; WWDR 2015) . Thereby, in order to accurately understand, map, model, and monitor crop water use and analyze food security scenarios, the critical cropland products needed include: (a) cropland extent/area; (b) crop watering methods -irrigated versus rainfed; (c) cropping intensity -single, double, triple, and continuous cropping; (d) crop types; and (e) croplands versus fallow croplands.
Multi-temporal remote sensing provides the best opportunity to accurately and repeatedly map this needed information Dheeravath et al. 2010; Gumma et al. 2011 Gumma et al. , 2014 Salmon et al. 2015; Teluguntla et al. 2015b; Thenkabail et al. 2009a Thenkabail et al. , 2009b Waldner, Canto, and Defourny 2015) . Moderate Resolution Imaging Spectroradiometer (MODIS) 250 m spatial resolution time-series data offers one of the best opportunities to study various cropland variables given its: (1) daily acquisition, (2) surface reflectance (de Abelleyra and Verón 2014; Vermote, El Saleous, and Justice 2002) of 16-day composite time-series (Solano et al. 2010) that are time-composited into normalized difference vegetation index (NDVI) maximum value composites, and (3) sophisticated cloud removal algorithms that further enhance MODIS applicability.
A number of powerful and advanced remote sensing methods have been used in cropland mapping (see reviews in Becker-Reshef et al. 2010; Pittman et al. 2010; Siebert, Portmann, and Döll 2010; Teluguntla et al. 2015b; Thenkabail et al. 2009a Thenkabail et al. , 2009b Yu et al. 2013) . These studies were conducted using data from multiple sensors across many spatial, spectral, radiometric, and temporal resolutions for both irrigated and rainfed crops (Biggs et al. 2006; Friedl et al. 2010; Funk and Brown 2009; Gumma et al. 2011; Loveland et al. 2000; Ozdogan and Woodcock 2006; Pervez, Budde, and Rowland 2014; Pittman et al. 2010; Teluguntla et al. 2015a; Thenkabail et al. 2009a Thenkabail et al. , 2009b Wardlow, Egbert, and Kastens 2007; Xiao et al. 2006; Yu et al. 2013) . These studies consider an ensemble of methods that include: (a) decision tree algorithms (De Fries et al. 1998; Friedl and Brodley 1997; Ozdogan and Gutman 2008; Waldner, Canto, and Defourny 2015) ; (b) the random forest algorithm (Gislason, Benediktsson, and Sveinsson 2006; Tatsumi et al. 2015) ; (c) Tassel cap brightness-greenness-wetness (Cohen and Goward 2004; Crist and Cicone 1984; Gutman et al. 2008; Masek et al. 2008 ); (d) space-time spiral curves and change vector analysis (Thenkabail, Schull, and Turral 2005) ; (e) phenological approaches Gumma et al. 2011; Loveland et al. 2000; Pan et al. 2015; Teluguntla et al. 2015a; Xiao et al. 2006; Zhou et al. 2016) ; (f) Hierarchical Image Segmentation (HSEG) software or HSeG (Tilton et al. 2012) ; (g) support vector machines (Mountrakis, Im, and Ogole 2011; Shao and Lunetta 2012) ; (h) spectral matching techniques (Thenkabail et al. 2007a ); (i) pixel-and object-based methods using a knowledge base (Chen et al. 2015) ; (j) k-means and ISO-CLASS clustering algorithms Duveiller, Lopez-Lozano, and Cescatti 2015; Thenkabail et al. 2009b ); (k) the Automated Cropland Classification Algorithm (ACCA) ; (l) nested segmentation (Egorov et al. 2015) ; and finally (m) machine learning programming and a combination of multiple methods (De Fries and Chan 2000; Duro, Franklin, and Dubé 2012; Pantazi et al. 2016) . The most comprehensive discussion of these methods and techniques can be found in these recent publications (Lary et al. 2016; Salmon et al. 2015; Teluguntla et al. 2015b; Thenkabail 2015; Thenkabail et al. 2007a Thenkabail et al. , 2009a Thenkabail et al. , 2009b Velpuri et al. 2009; Wardlow, Egbert, and Kastens 2007; Wu et al. 2014a; Wu, Thenkabail, and Verdin 2014b) .
The use of traditional remote sensing methods for cropland mapping over large areas and multiple years have many limitations. First, they need extensive ground reference data to capture knowledge to train and validate algorithms year-after-year. Second, they are tedious and time consuming, requiring extensive user interactions and expert interpretations. Third, the repeatability of the methods is generally poor with various degrees of uncertainty added depending on subjective expertise of various analysts and interpretation techniques. Fourth, the speed of developing cropland products is time consuming because classes need to be identified and labeled for every geographic area and time period. Fifth, multiple cropland products such as irrigated versus rainfed or cropping intensity are required for analyzing food security scenarios.
Given the above limitations, the overarching goal of this project was to produce consistent and unbiased estimates of cropland products using MODIS 250 m 16-day composite NDVI data over very large areas using Cropland Mapping Algorithms such as the Quantitative Spectral Matching Techniques (QSMTs) and the rule-based ACCA. A key innovation in this research is the ability to apply the ACCA algorithm to MODIS 250 m 16-day composite NDVI data to produce cropland products accurately and rapidly for independent years, creating knowledge of past, present, and future conditions.
Study area
We selected Australia for this study because of its significant agricultural production, which contributes 40 billion dollars to the Australian economy and about 35 billion dollars in agri-business exports (ABARES 2011) . Each Australian farmer produces enough food to feed 600 people; 150 at home and 450 overseas (Australia National Farmers Federation 2012). Australian farmers produce almost 93% of Australia's daily domestic food supply (http://www.nff.org.au/). The agricultural sector contributes 3% to Australia's total gross domestic product.
Specific objectives
Specific objectives of this research were to:
First, for each year, develop specific products that include: Product 1: cropland extent/area, Product 2: irrigated versus rainfed croplands, Product 3: cropping intensities (single, double, triple, and continuous cropping), and Product 4: changes in extent of croplands versus fallow croplands year by year.
Second, develop accurate reference cropland products (RCPs) based on extensive ground data, MODIS 250 m 16-day composite time-series NDVI data, and QSMTs for the baseline year 2014 (RCP2014). This year was selected based on: (1) a climatic normal year (http://www.bom.gov.au/) and (2) the availability of extensive ground data to train and test the QSMT algorithm.
Third, develop a rule-based ACCA by using RCPs as the knowledge base to code and replicate the reference cropland products. The process was repeated until the ACCA-derived cropland products (ACPs) for 2014 accurately matched the RCP2014.
Fourth, use the ACCA algorithm to produce ACPs for independent years. For Australia, we produced ACPs for years 2000 through 2013 and 2015 (ACP2000-ACP2013 and ACP2015).
Datasets: MODIS 250 m time-series data from 2000 to 2014
The MODIS 250 m 16-day NDVI composite product from Terra (MOD13Q1) was used in this study. The 16-day time-series captures the seasonal variations in vegetation vigor, which characterize the key stages of cultivation (Wardlow and Egbert 2008; Wardlow, Egbert, and Kastens 2007) . We selected the year 2014 as a baseline year in order to ensure that these data corresponded with near-real-time ground reference data collected for this growing season. The 2014 MODIS data were used to produce reference cropland product (RCP2014) using extensive ground data and the QSMT. There were twenty-three 16-day MODIS 250 m composite images that were available for the year 2014. Similarly, twenty-three, 16-day MODIS 250 m time-series images were compiled for the years 2000-2013 and 2015 and were used to produce the ACCA-derived cropland products for those years (ACP2000-ACP2013 and ACP2015).
Developing an ideal spectral data bank for QSMTs using field data
In order to understand the spectral behavior of croplands, we conducted an extensive field survey during September and October of 2014, the peak crop growing season for crops in Australia. About 95% of the Australia's croplands are rainfed and grown in single season (July-November). The peak growing season of September and October were chosen to conduct field work to best study Samples total  number  N1  N2  N3  N  #  Name  #  #  #  #   1  Alfafa  4  3  4  11  2  Barley  154  153  154  461  3  Beans  30  29  29  88  4  Canola  186  185  186  557  5  Lentils  65  65  65  195  6  Lupin  34  33  35  102  7  Oats  73  72  73  218  8  Peas  27  26  26  79  9  Wheat  283  283  284  850  10  Orchards  55  60  54  169  11  Sown-pasture  95  98  96  289  12  Land prepared for  Season 2   20  16  18  54   13  Crop-harvested  9  9  10  28  14  Vegetables  1  1  1  3  15  Plantation  4  3  3  10  16  Cropland,others  30  29  25  84  20  Grazing/pastures  118  117  117  352  30  Non-croplands  145  165  155  465  40  Fallow  125  141  130  396  Total  1458  1488  1465  4411 Note: The ground data samples were randomly split into: reference or training (N = 1458 samples), validation set 1 for testing accuracies (N = 1488), independent validation set 2 for testing accuracies (N = 1465).
crops. A total of more than 4441 samples (n) ( Table 1) were collected from New South Wales (NSW), Victoria (VIC), South Australia (SA), and Western Australia (WA) regions of Australia (our study area) following the specific guidelines on collecting ground reference data (Congalton 2015 The ground data samples (Table 1) collected from the field survey were divided into three independent datasets (Table 1) with each set containing one-third of the total samples. The first set was used for training (e.g. for developing ideal spectral bank of croplands for use in QSMTs). The second set was used for product testing and the third set was set aside to be used later for independent accuracy assessment. This third ground data validation set was augmented by additional data collected by an independent (not privy to the crop product maps) accuracy assessment team from the University of New Hampshire. There is no need for a second season ground data collection given < 3% of Australia's croplands to have second crop.
Methods overview
The schematic representation of the data analysis implemented using the QSMTs and the ACCA algorithms are shown in Figure 1 . Basically, the analysis approach includes: (1) creating cropland masks based on the best available datasets, (2) developing ideal spectra based on precise ground knowledge and MODIS time-series data, (3) classifying MODIS time-series data using masks to generate class spectra, and (4) performing QSMTs to match class spectra with ideal spectra and determine the RCPs.
Cropland extent and related masks
This research began by creating and refining cropland masks. First, we created a baseline nominal 1-km cropland mask (BCM-1 km) based on available coarse resolution data (Teluguntla et al. 2015b ). This was followed by refinement of the baseline 1-km mask using MODIS 250-m 16-day time-series data to create refined and much improved baseline 250-m cropland mask (BCM-250 m) (Figure 2) . The process is explained in Sections 3.1.1 and 3.1.2.
3.1.1. Baseline nominal 1-km cropland mask (BCM-1 km) of Australia Initially, we made use of BCM-1 km developed by Teluguntla et al. (2015b) . The BCM-1 km was created by Teluguntla et al. (2015b) by conducting a very thorough spatial analysis of the four best available global cropland studies Friedl et al. 2010, 1; Pittman et al. 2010, 3; Thenkabail et al. 2009b; Thenkabail et al. 2010, 2; Yu et al. 2013, 4.) . This resulted in a BCM-1 km (Teluguntla et al. 2015b ) for the entire world, from which Australia was extracted. We determined that there was 69.5 million hectares of croplands in Australia as per BCM-1 km. Figure 2 . Three cropland masks of Australia and the development of ideal spectral signatures (ISSs) for each of these masks. Development of the three cropland masks is defined in Section 3.1. Using precise ground data and MODIS 250 m time-series data, unique and distinctly separable ISSs of the three masks were a total of 13 classes: (a) 4 for the rainfed mask, (b) 3 for the pasture mask, and (c) 6 for the irrigated-mask. The cropland fallow signature was common across. The total 13 classes can be combined to 6 unique classes by combining similar classes across masks.
Baseline nominal 250-m cropland mask (BCM-250 m) of Australia
There are a number of limitations in BCM-1 km. First, it includes significant non-croplands. This is because some of the primary data used have cropland classes that are vague. For example, some of the cropland classes in these four studies have significant non-croplands which is as a result of the definition issues (how croplands are defined) and mixed classes (a class that has a mixture of croplands and other land cover class). Second, coarse resolution nature of BCM-1 km pixels have significant proportion of pixels where cropland proportion is very small (e.g. pixels with < 10% being cropped is also defined a cropland pixel). What this means is that in a single 1-km coarse resolution pixel (each pixel is 100 hectares), only a fraction of a pixel is croplands (i.e. 10 hectares in a 100-hectare pixel area is actually croplands). In such cases, higher resolution pixels can be used to separate croplands from non-croplands.
So, in order to obtain a more refined and accurate cropland mask, we took the BCM-1 km for Australia (Teluguntla et al. 2015b ) and used MODIS 250-m 16-day time-series red and near infrared (NIR) band data as well as NDVI data of MODIS to study and sieve out non-croplands and retain only the croplands. We used the year 2014 MODIS 250-m 16-day time-series data stack to classify and plot: (a) red versus NIR bi-spectral plots (Thenkabail, Schull, and Turral 2005) , (b) NDVI time-series signatures plots (Thenkabail et al. 2009b) , and synthesize with (c) secondary data from the Department of Agriculture and Water Resources (2010) to discern, identify, and eliminate non-cropland pixels within BCE-1 km cropland extent. Extensive sets of submeter to 5-m data from very high spatial resolution imagery (Very High Resolution Imagery, VHRI) such as from Quickbird, IKONOS, and Worldview were used to ensure that cropland areas were clearly differentiated from non-croplands. This led to obtain a baseline cropland mask at 250-m (BCK-250 m) for Australia (Figure 2 ).
We determined that there was 62.1 million hectares of croplands in Australia as per BCM-250 m (Figure 2 ) relative to 69.5 million hectares as per BCM-1 km (Teluguntla et al. 2015b ), a reduction of massive 7.4 million hectares. Cropland extent mask at 250-m is further divided into ( Figure 2 ): (a) rainfed cropland mask, (b) rainfed pasture mask, and (c) irrigated cropland mask. Irrigated areas were identified based on earlier works of Thenkabail et al. (2009b) , and secondary data from the Geoscience Australia and Department of Agriculture and Water Resources (2010) . Any expansion of croplands into non-croplands areas in Australia is less than 0.5% of the total cropland area per year (personal discussions with Australian experts during 2014 field visit) and hence it is sufficient to work within the 250-m cropland masks (Figure 2 ) to understand cropland dynamics, year-afteryear. An independent accuracy assessment was performed on the cropland masks to ensure its validity. Accuracies of the BCM-250 m were determined using an independent submeter to 5-m data which provided an overall accuracy (OA) of 98% (Table 5 ) and the results were compared with another independent cropland map (Salmon et al. 2015) which showed an OA of 96% (Table 8) . These results are further discussed in detail later at appropriate portion of the text (Sections 7.1.1 and 7.2.1; Tables 5 and 8).
Creating RCPs of Australia using QSMTs
The RCPs were developed based on QSMTs which are traditionally developed for hyperspectral data analysis of minerals (Homayouni and Roux 2004) . Time-series data, such as the monthly NDVI data from MODIS 250 m, are similar to hyperspectral data; hundreds of months in time-series data replacing tens or hundreds of bands in hyperspectral data (Thenkabail et al. 2007a) . QSMTs involve matching time-series MODIS 250 m NDVI of class spectra derived from classification algorithms such as ISOCLASS or k-means clustering (Jensen 2009 ) with ideal or target spectra of MODIS 250 m NDVI produced based on field-collected reference data and comparing how well the two match in terms of: (a) shape and (b) magnitude.
3.2.1. Creating ideal spectra of croplands using MODIS time-series data and ground data The generation of ideal spectra requires precise knowledge of the croplands which was gathered through extensive field visits (Table 1) . These sample locations were overlaid on the MODIS 250 m 16-day composite NDVI data to determine cropland characteristics (Figure 3 ) allowing us to identify unique signatures for many croplands such as 'rainfed, single crop, lupin', 'rainfed, single crop, wheat', 'rainfed, pasture', etc. Figure 3 illustrates these signatures for several cases of rainfed croplands. Similar signatures were developed for irrigated and pasture as well. Similar categories or classes were then combined to generate ideal spectra of a group. For example, within the rainfed cropland mask, there were four distinct cropland classes (see Figure 2 (a)). These four groups of ideal spectra were: (1) croplands, rainfed, single crop during Season 1, with all crops combined together (n = 722); (2) croplands, rainfed, pasture (n = 89); (3) croplands, rainfed, single crop during Season 2, with all crops combined together (n = 4); and (4) cropland, fallow, rainfed (n = 100). Ground data samples (Table 1) (3) croplands, fallows (n = 7). Separating croplands from cropland pastures has been demonstrated earlier by others (e. g. Begue et al. 2014; Esch et al. 2014; Müller et al. 2015) in different parts of the world. In Australia, cropland pasture is a major component of cultivated landscapes and it is important to accurately separate it from croplands. Finally, there were six distinctive classes in the irrigated-mask ( (5) croplands, irrigated, double crop, all crops (n = 9); and (6) cropland, fallows (n = 21). So, overall there were 13 classes. When generating these spectra, we typically considered about 99% of the pixel signatures with about 1% noise removed.
Overall, from the three cropland masks (rainfed, pasture, and irrigated masks, Figure 2 ), we established 13 distinct ideal spectra (see Figure 2 (a-c)) that can be accurately separated from one another using MODIS 250 m resolution 16-day composite time-series NDVI data and the masks. As shown in Figure 2 , the 13 classes can be further combined to 6 unique classes. This is because similar classes from the different masks such as ( Figure 2 ): (a) rainfed cropland class in the rainfed mask is combined with rainfed cropland class from the pasture mask, (b) rainfed pasture class from the rainfed mask is combined with rainfed pasture class of the pasture mask, or (c) cropland fallow classes from the rainfed, irrigated, and pasture masks are distinctly similar. Irrigated double crop was ignored and combined with irrigated single crop since irrigated double crop in Australia, as a proportion of overall irrigated cropland class is negligible. The class variability is shown in the thickness of the ideal spectral curves (Figure 2(c) ) and constitutes 99% of all the variability for each class. In Figure 2 , we have coded the 13 classes to 6 similar classes across the masks. Overall, having these six distinct classes allowed us to code these broad very useful classes in agriculture and reproduce the same classes accurately year-after-year automatically using the algorithm discussed in next sections.
Class spectra generation through ISOCALSS clustering
Initially, for each of the masks (Figure 2 ), 50-100 classes were established through the use of the ISOCLASS clustering algorithm in ERDAS Imagine (Campbell and Wynne. 2011; Jensen 2009 ). 2 , a QSMT method, to group, match, assess, identify, and label classes. (a) Class spectra: group similar class spectra (e.g. class #'s 3,6,7, 9, … .,41, 44; total 27 similar classes from rainfed mask classification) obtained from ISOCLASS clustering classification, (b) ideal spectra: obtain an ideal spectra from the spectral library that closely matches with the grouped class spectra, (c) class spectra (Figure 4 (a)) matched with ideal spectra (Figure 4 (b)) using SCS R 2 values (SCS R 2 values varied between 0.83 and 0.994, with 26 of 27classes having SCS R-square values of 0.9 or greater), and (d) group of class spectra matched with ideal spectra: combine all similar class spectra into one group and match with ideal spectra which resulted in an SCS R 2 value of 0.96 leading to labeling of the class spectral classes as similar name as ideal spectral label. So, the class name in this example is: croplands, rainfed, single crop (Season 1), all crops or mixed crops.
3.2.3. Matching class spectra with ideal spectra through spectral correlation similarity R-square values In this study, we used spectral correlation similarity R-square (SCS R 2 ) values, the most powerful of all the QSMTs in land cover studies (Thenkabail et al. 2007a) . SCS R 2 values are a shape measure that typically produces values between 0 and 1 (theoretically between −1 and +1). Since, negative values have no meaning here, they are ignored. However, it is extremely rare to have negative values at all. The general rule is that the greater the SCS R 2 values, the greater the similarity between class spectra and target spectra. Figure 4 illustrates how some of these class spectra (Figure 4 (a)) were grouped and matched with relevant ideal spectra (e.g. Figure 4 (b)).
The process involved: (a) grouping similar classes of class spectra ( )). The same process was repeated for all the hundreds of classes from all three (rainfed, pasture, and irrigated) masks (Section 3.2.2). These hundreds of classes were then grouped into six broad, distinct, highly separable, similar groups of classes, and matched with ideal spectra (Section 3.2.1) which resulted in an SCS R 2 values of 0.89-0.99 (Table 2 ) between the class spectra and the ideal spectra.
Final label of classes for the RCP for the year 2014 (RCP2014)
After preliminary labeling of classes as defined in the previous section, the process of final labeling of the RCP2014 involved the following additional steps: (A) using extensive ground reference data (Table 1) to further verify class names; (B) use of VHRI (submeter to 5 m) such as Worldview, Quickbird, and IKONOS; and (C) use of secondary data from other published work (e.g. Australia's National Systems DLCD by Lymburner et al. 2014; Teluguntla et al. 2015b ). Ground reference data (Table 1) provided information on croplands versus non-croplands, irrigation versus rainfed, and crop type. There were 4111 ground reference data samples of which we had 1458 samples available for training algorithm, class identification, and labeling classes. Section 2.1 provides more information of the type of information consistently available for all ground samples. Information about croplands and non-croplands were visually extracted from VHRI. Occasionally, information pertaining to irrigated versus rainfed watering methods were also extracted (e.g. center pivots and irrigation channels). Secondary data were available in form of maps and published literature for selected subregions of Australia (e.g. Salmon et al. 2015 ; Australian National Systems DLCD by Lymburner et al. 2014; Teluguntla et al. 2015b ). These secondary data sources either helped further affirm what was already identified and\or helped Note: (a) 1i, 2i, 3i, 4i, 5i, and 6i represent ideal spectra developed from ground data and (b) 1c, 2c, 3c, 4c, 5c, and 6c represent class spectra obtained from unsupervised classification.
in labeling classes when no other data were available for a class. Cropping intensity was derived by combining field observations with MODIS time-series NDVI signatures that showed whether there was a single crop, double crop, or continuous crop (e.g. plantations) present for the calendar year. Finally, numerous initial classes (e.g. Figure 4 (a), Section 3.2.2) were merged into highly distinguishable pure classes (e.g. Table 2 , Section 3.2.3) where the final class labels were established through detailed investigation supported by ground and secondary data (Section 3.3). The accuracies of these classes are evaluated using two independent sample datasets ( Table 1) : (a) 1488 internal validation samples and (b) 1465 samples from an independent accuracy assessment team which the mapping team does not have access.
Figure 5. An automated cropland classification algorithm (ACCA) for Australia that can be used to compute six cropland classes as well as croplands versus non-croplands year-after-year automatically and accurately.
ACCA overview
The goal of rule-based ACCA ( Figure 5 ) is to enable production of cropland products year-afteryear, automatically, and accurately without having to go through tedious, rigorous, time, and resource consuming methods and approaches involved in producing RCPs (Section 3.2). The ACCA algorithm ( Figure 5 ) developed in this project involved the following steps. First, was the production of an accurate RCP2014 (Section 3.0 and its subsections). Second, was to develop ACCA algorithm rules (Section 4.1), which was done in ERDAS Imagine modeler, in order to accurately replicate RCP2014 classes in ACCA-derived classes for the year 2014 (ACP2014) using MODIS 250 m NDVI 16-day composite data for the year 2014. Third, was to apply ACCA algorithm for independent years (2000-2013 and 2015) using MODIS 250 m NDVI 16-day composite data (2000-2013 and 2015) to produce accurately ACCA-derived cropland products for those years (ACP2000-ACP2013 and ACP2015). Since MODIS Terra/Aqua data is available from the year 2000 to foreseeable future along with data continuity plans through the Visible Infrared Imaging Radiometer Suite (VIIRS) onboard the National Polar-orbiting Operational Environmental Satellite System (NPOESS), developing ACCA for MODIS will allow cropland products generation for the past (hind-cast; ACCA developed for 2014 and was successfully applied for the years 2000-2013), present (now-cast for the year 2014 for which ACCA was developed), and future years (future-cast; ACCA was successfully applied for 2015 and similarly can be applied for any future year).
Development of ACCA rules for re-producing cropland products
The ACCA algorithm was developed based on the accurate knowledge captured in the RCP2014 ( Figure 5 ). The process of developing ACCA from RCP2014 has three broad steps ( (ACP2014) is then compared with RCP2014. The process is repeated, by tweaking ACCA codes, to ensure maximum separability of the classes resulting in perfect or near perfect match between ACP2014 classes with RCP2014 classes. The ACCA algorithm was modified until the accuracies of the six classes of ACP2014 reached an accuracy of 85% or higher when compared with the six classes of RCP2014 in a pixel by pixel error matrix comparison.
ACCA algorithm automation
Once a robust ACCA algorithm ( Figure 5 ) was developed based on MODIS 250-m 16-day timeseries data, it was coded in ERDAS Imagine modeler (.gmd file). In order to automatically run and produce cropland products (e.g. Figure 7 ) for independent years, MODIS 250 m, 16-day NDVI time-series data of Australia for independent years needs to be compiled. ACCA algorithm was applied for the independent years, 2000 through 2013, and the year 2015 to rapidly produce (ACP2000-ACP2013, and ACP2015) as illustrated for selected years in Figure 7 and Figure 9 . Apart from applying ACCA algorithm codes on any given year (past, present, or future) using MODIS 250-m 16-day time-series data, no other interaction, analysis, or interpretation is required.
Area calculations
Area of cropland is an important metric. Area is computed taking two important factors:
(1) Subpixel composition of pixels, so actual areas or subpixel areas (SPAs) are established and (2) Seasonality of pixels, so areas are computed based on intensity (e.g. single, double, triple, and continuous cropping).
The MODIS 250-m full pixel areas (FPAs) is ∼6.25 hectares per pixel. However, at times, only a portion of the ∼6.25 hectares pixel area is in croplands with the rest of the pixel left fallow. We, therefore, model the SPAs which reflect actual areas. Computation of actual areas or SPAs requires us to multiply FPAs with cropland area fractions (CAFs) (Thenkabail et al. 2007b ):
SPAs or actual areas = FPAs × CAF.
Once the final class maps are obtained, the image is re-projected to GDA_1994_Australia_Albers and FPAs are established for each class. There is a rigorous methodology for establishing CAFs (see Thenkabail et al. 2007b) .
Then the class phenology is then determined to understand whether a class is single crop, double crop, triple crop, or continuous crop in a calendar year. When a pixel is single cropped, the area is computed once; when pixel is double cropped, the area is computed twice; and when the pixel has continuous cropping (e.g. plantations), the area is computed once.
Net cropland areas refer to actual cropland area whether the cropland is planted or left fallow. It does not account for cropping intensity. However, it does include permanent crops (e.g. plantations). Gross cropland areas (GCAs) are sum of the planted areas during different seasons (e.g. single, double, and triple cropping in a year). GCAs also include permanent crops. Detailed methods of area calculations are provided in Thenkabail et al. (2007b) and Velpuri et al. (2009) .
Accuracy assessment
Comprehensive accuracy assessments for the RCPs and the ACPs were performed using standard error matrices (Congalton 1991 (Congalton , 2009 (Congalton , 2015 Congalton et al. 2014; Olofsson et al. 2014; Stehman et al. 2012; Tilman et al. 2011; Tsendbazar, De Bruin, and Herold 2015; Tsendbazar et al. 2016) .
First, the accuracies of the RCP for the baseline year 2014 (RCP2014) were established using two sets of ground data collected during 2014 and withheld from ACCA model development (Table 1): A. First set of 1488 independent validation samples and B. Second set of 1465 validation samples collected by an external team, blinded to the team performing the analysis.
Second, the ACP accuracies for the year 2014 (ACP2014) were performed using RCP2014 based on an error/similarity matrix involving all pixels of two products. Thus, a robust and detailed accuracy assessment was performed both for the RCPs and ACPs.
Results
First, we will present and discuss the results of the reference cropland data products for the baseline year of 2014 (RCP2014, Section 7.1) for Australia developed using QSMTs involving SCS R 2 method. Second, we will discuss accuracies of RCP2014 (Section 7.1.1) established using ground data also for the baseline year 2014. Third, the discussion will focus on the ability of ACCA algorithm to replicate croplands for the baseline year 2014 (ACP2014, Section 7.2), followed by accuracies of these products. Fourth, ACCA algorithms ability to automatically and accurately compute cropland products for the independent years (ACP2000-2013 and ACP2015, Section 7.3) will be established. Finally, cropland statistics and areas were compared with the statistics of other sources like Australian National system and other International sources (e.g. Food and Agricultural Organization (FAO), Section 8.0).
RCP2014 for Australia
Overall, RCP2014 of Australia has six distinct cropland classes ( Figure 6 ) as mapped using the QSMTs and MODIS 250 m time-series data for the baseline year 2014. Actual cropland areas (or SPAs) of the six classes were estimated as 58.55 Mha with pasture and 30.80 Mha without pasture for the year 2014 (Table 3 ). The areas were calculated separately for Season 1 (June-October), Season 2 (November-March), and continuous (e.g. plantations) ( Table 3 ). The annualized areas are also reported in Table 3 . Of the total 58.55 Mha, Class 1 (croplands, rainfed, single crop, mixed, or all crops) with 45.5%, and Class 2 (croplands, rainfed, single crop, pastures) with 46% dominate Australian croplands (Table 3) . When only croplands are considered, it is clear that in Australia Class 1 (croplands, rainfed, single crop, mixed, or all crops) is overwhelming with 86.6% of the total cropland areas (30.80 Mha). In contrast, irrigated areas (Class 3 and Class 5) add up to just 5.1%. The rest, 8.3%, was cropland fallows (Table 3) .
Accuracy of RCP2014
The accuracy of the RCP for the baseline year 2014 (RCP2014) was tested using two sets of validation data. The first validation data had a total of 1488 ground data samples. These were overlaid on the final cropland map ( Figure 6 ) and an error matrix (Table 4) was derived. The OA of the six class map was 83.1% with kappa coefficient = 0.75 (Table 4 ). The user's and producer's accuracies of each of the unique crop classes were also high. For example, cropland Class 1 (croplands, rainfed, single crop, mixed, or all crops) which occupies 86.6% of all cropland areas showed a producer's accuracy of 83.4% indicating that 83.4% of Class 1 pixels (in ground reference data) were correctly classified as rainfed cropland pixels. As a user, 92.1% of the pixels classified as Class 1 by QSMT were indeed Class 1 (Table 4 ). All other classes except cropland pasture have very good producer's and user's accuracies. In comparison, cropland pastures have significant commission and omission errors. This is mainly due to the fact variability in pasture is very high since they are cultivated and harvested at varying times and at any given time they are in varying growth stages. Also, natural grasses and sometimes crops like rainfed barley gets confused with pasture. We suggest that future studies put greater emphasis in gathering significantly higher proportion of cropland pasture ground data to better train algorithms. A second set of validation ground data samples of 1465 samples were available with the independent team and blinded from the team developing the product. Their accuracy assessment showed an overall accuracy of 98.2% with kappa coefficient of 0.91 for croplands versus non-croplands (Table 5) . A special feature of this accuracy was that they used balanced (proportionate samples for crop and non-crop) in their accuracy assessment.
These accuracies clearly demonstrated the high level of confidence one can have with the reference RCP2014 product.
ACCA2014 for Australia
Based on the ACCA algorithm developed using the knowledge base from the RCP2014 product, the ACCA-derived cropland product for the year 2014 (ACP2014) is produced (Figure 7) . The goal of the ACCA was to derive ACP that closely and accurately replicates the RCP (Figure 6 ). So, the ACP2014 (Figure 7 ) has same classes as the RCP2014 (Figure 6) .
A class by class comparison of the RCP2014 with ACP2014 is provided in Table 6 . Overall, 13,650,958 pixels were mapped as cropland pixels for Australia. The comparative results in Table  6 (with spatial view in Figure 6 versus Figure 7 ) clearly demonstrate that ACCA algorithm produced product (ACP2014) was able to replicate the RCP2014 with a great degree of accuracy. For example, 99.4% of the pixels mapped as Class 1 (cropland, rainfed, single crop, mixed, or all crops) in RCP2014 were also mapped as Class 1 in ACP2014. A comparison of the percentage of pixels in each of the six classes from RCP2014 and ACP2014 also showed great degree of similarity (Table  6) , clearly indicating the performance capability of the ACCA algorithm.
7.2.1. Accuracies/ similarities of ACP2014 when compared with the RCP2014 A pixel by pixel comparison between the ACP2014 (Figure 7 ) with RCP2014 ( Figure 6 ) is provided in Table 7 . The results show ACP2014 was replicating the RCP2014 with an overall accuracy/similarity of 89.4% (kappa = 0.814). The producer's and user's accuracies were also very high. As a producer, 89.7% of Class 1 pixels (in RCP) were correctly classified as rainfed cropland pixels by the ACCA product ACP (Table 7) . As a user, 90.2% of the pixels classified as Class 1 by ACCA were indeed Class 1 (Table 7) . These results show the ACCA algorithm can automatically and accurately classify croplands that match the reference product. We compared the ACP2014 map with two other national products. First, the results of ACP2014 for croplands versus non-cropland were compared with the 500-m Global Rainfed and Irrigated Paddy Croplands (GRIPC500 m) data produced by Commission error : pixels that belong to another class but labeled as this class. b Omission error: pixels that belong to this class, but are labeled to another class. c Producer accuracy: as a producer, 83.4% of the cropland pixels of class 1 in ground reference data were correctly classified as cropland pixels of class 1 in RCP2014. d User accuracy: as a user, 92.1% of the pixels classified as croplands pixels of class 1by RCP2014 were indeed croplands. e Overall accuracy = total classification accuracy. f Kappa value compares observed accuracy (overall) with expected accuracy (random chance).
Salmon et al. (Table 8 ) with high degree of overall accuracies (96.3%), kappa coefficient (0.76) and also very good producer's and user's accuracies (Table 8 ). However, given that GRIPC500 is a MODIS 500-m product compared to ACP2014 which is a MODIS 250-m product, there is bound to be commission and omission errors as a result of pixel resolution differences. Furthermore, some differences also rise from definitions used in mapping. Second, the Australian state-wise irrigated cropland areas produced by ACP2014 were compared with the irrigated area estimates provided by the United Nations Food and Agricultural Organization (FAO) (Figure 8) . The results indicated an excellent match between the two studies ( Figure 8 ) with an R 2 value of 0.97.
Irrigated areas of Australia
Irrigated areas calculated in this study were compared with several other studies such as FAO AQUASTAT (2011); Australian National Statistics, GRIPC (Salmon et al. 2015) ; and DLCD Overall accuracy = total classification accuracy. f kappa value compares observed accuracy (overall) with expected accuracy (random chance). (Lymburner et al. 2014) (Table 9 ). This study reported a total irrigated area (TIA) of 2.38 Mha for Season 1 which was comparable to the (Table 9 ): (a) actual irrigated area for Season 1 as per FAO AQUASTAT which was 2.56 Mha and (b) actual irrigated areas reported by the Australian National Statistics which was 2.54 Mha. The DLCD reports irrigated as 897,966 hectares, which is way below any other estimates. Whereas, GRIPC (Salmon et al. 2015) reported equipped irrigated areas (EIA) of 8.8 Mha based on 500 m MODIS imagery, which is way above any other estimates. In contrast, FAO AQUASTAT reports EIA as 4.07 Mha. Even though GRIPC areas are FPAs, they are still far higher than what is reported by FAO AQUASTAT. Salmon et al. (2015) reported in their GRIPC500 m paper that their study overestimated irrigated areas as a result of many reasons that include (Salmon et al. 2015) : (a) mapping some of the dryland rainfed wheat areas as irrigated, (b) not accounting for dramatic changes in irrigation pattern of Australia during [2004] [2005] [2006] , and (c) not accounting for policy changes such as the Australian National Water Initiative that was adopted in 2004 wherein environmental flows of Murray-Darling river system were restored significantly reducing irrigated areas. As a result of these issues there are going to be significant differences in estimates of irrigated areas. However, such factors were accounted in this research as well as in FAO AQUASTAT, resulting in a good match between the two studies. Thereby, the actual irrigated area of Australia was estimated at around 2.46 Mha as of year 2014. In Season 2, this study reported TIA of 0.10 Mha. Other studies do not report the second season irrigated areas.
ACCA-derived cropland data product of Australia for the years 2000 through 2013 (ACP2000-ACP2013) and for the year 2015 (ACP2015)
Once the ACCA algorithm ( Figure 5 ) was tested and verified (Section 7.2), it was applied to 15 independent years (2000-2013 and 2015) . The only requirement to apply the ACCA to any year (past, present, or future) is that the data type and scaling used in the original algorithm remain the same. In this case, MODIS 16-day composite 250-m NDVI time-series data were compiled for each of the 15 independent years and the ACCA algorithm was applied to each of the years without any further user interaction. The output, consistently produced the same six classes each year, for years 2000-2013 and 2015 (e.g. Figure 9 illustrating 4 years). In Figure 10 , we illustrate these for six years (two droughts, two normal, and two good years). From these outputs, we calculated cropland areas (Classes 1-5) and cropland fallow areas (Class 6) from the year 2000 to 2015 and plotted them in Figure 11 . The three worst drought years in Australia's 100 years' historical record were the years 2002 (Murray-Darling Authority 2009 Australian Bureau of Meteorology 2009; and NASA Earth Observatory, n.d.) . This illustration clearly implies climate sensitivity of ACCA algorithm in determining croplands versus cropland fallows. Note: The statistics of the reference cropland products of the year 2014 (RCP2014) were compared with the statistics of the ACCAderived cropland product of the year 2014 (ACP2014).
a Reference cropland product for the year 2014 (RCP2014) was produced using QSMTs. b Automated cropland classification algorithm (ACCA) derived cropland product for the year 2014 (ACP 2014) is produced using ACCA algorithm. Note: Error/similarity matrix comparing ACCA generated cropland product for the year 2014 (ACP2014) with reference cropland product for the year 2014 (RCP2014). a Commission error:pixels that belong to another class but labeled as this class. b Omission error pixels that belong to this class, but are labelled to another class. c Producer accuracy:89.7% of the cropland pixels of class 1 in RCP2014 (reference product) were correctly classified as cropland pixels of Class 1 in ACP2014 (ACCA-derived product). d User accuracy: 90.2% of the pixels classified as croplands pixels of class 1 (by ACCA algorithm) were indeed croplands. e Overall accuracy = total classification accuracy. f Kappa value compares observed accuracy (overall) with expected accuracy (random chance).
Discussions
The spatial, temporal, and spectral specifications of MODIS are considered as highly suitable for land use and land cover (LULC) classifications, especially for cropland extent and area mapping (Hentze, Thonfeld, and Menz 2016) . Others Gumma et al. 2016; Zhang et al. 2015; Zhou et al. 2016) showed the ability of phenology-based algorithms in paddy rice mapping by using MODIS time-series and/or by integrating MODIS with other higher spatial resolution data such as Landsat 8 OLI images. This research further re-iterates the strength of MODIS time-series data in cropland and/or specific LULC mapping.
Agricultural croplands are often mapped year-after-year or season-after-season by extensive and rigorous cropland mapping methods and approaches (e.g. Becker-Reshef et al. 2010; Ozdogan and Gutman 2008; Pervez, Budde, and Rowland 2014; Pittman et al. 2010; Thenkabail et al. 2007a Thenkabail et al. , 2009a Waldner, Canto, and Defourny 2015; Wardlow, Egbert, and Kastens 2007; Yu et al. 2013) . We used Note: Accuracy of ACCA generated cropland product for the year 2014 (ACP2014) versus GRIPC500 m (Salmon et al. 2015) . a Commission error: pixels that belong to another class but labeled as this class. b Omission error: pixels that belong to this class, but are labeled to another class. c Producer accuracy: as a producer, 82.3% of the cropland pixels in GRIPC were correctly classified as cropland pixels in ACP2014
(ACCA algorithm derived product). d User accuracy: as a user, 73.3% of the pixels classified as croplands pixels (by ACCA algorithm) were indeed croplands. e Overall accuracy = total classification accuracy. f Kappa value compares observed accuracy (overall) with expected accuracy (random chance). g GRIPC = global rainfed and irrigated cropland map at 500 m resolution produced by Salmon et al. (2015) . some of these methods (Section 3.0 and its subsections) to produce an accurate RCP with six classes for the year 2014 (RCP2014, Figure 6 ). We then developed ACCA algorithm (Section 4.0 and its subsections) using the precise knowledge ingrained in the RCP2014 (Figure 6) . ACCA algorithm was then used to accurately reproduce RCP2014, resulting in ACCA-derived cropland product for the year 2014 (ACP2014). ACCA algorithm, developed based on the year 2014 MODIS 16-day timeseries data, was then used to consistently hind-cast and future-cast the same six classes as illustrated for four distinct years ( Figure 9 When MODIS 16-day time-series data becomes available for the entire year 2016 and beyond, we can produce cropland products for those years just as we produced for one future-year (2015) for which the entire year data were available when we wrote this paper. In this process, all we need is the MODIS 16-day time-series data for any given year and for any given area (Australia in this case) that is similar to MODIS 16-day time-series data used to produce RCP2014 of Australia. Once the MODIS 16-day time-series data stacks are available for the past or the future years, ACCA algorithm is run using the same process used to produce six class ACP2014 (Figure 7 and Section 4.0 and its subsections) resulting in similar six class cropland products for other years (e.g. Figure 9 showing three past-years: 2002, 2004, and 2010, and one future-year: 2015, relative to year 2014) . Statistics derived for all the 16 years: (i) hind-cast years (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) , (ii) current year 2014 -the year for which the ACCA algorithm was developed, and (iii) future-cast year (2015) is plotted for croplands versus cropland fallows and shown in Figure 11 and their spatial distribution illustrated for few years ( Figure 10) . Thereby, the ability of ACCA algorithm to clearly capture cropland product year-after-year: past, present, and future (e.g. Figures 9-11 ) is clearly demonstrated in this research. . ACCA-derived cropland products for the past years (hind-cast) and future years (future-cast) for Australia. ACCA algorithm that was developed based on extensive ground data for the years 2014 was applied for the past years (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) and for a future year (2015) . We have illustrated here ACCA-derived cropland products for 4 years: three past years (ACCA-derived cropland product for the year 2002 or ACP2002, ACP2004, and ACP2010) and for a future year (ACP2015). ACCA algorithm can be applied to develop similar products for the any future year. The reliability of the cropland product were evaluated using 100-years climate data (Murray-Darling Basin Authority 2009, Bureau of Meteorology, Australian Government: http://www.bom.gov.au/ climate/current/month/aus/summary.shtml) which clearly established that three of the worst 100-year drought years were 2002, 2006, and 2008 , whereas two of the best climate years were 2000 and 2010. ACCA algorithm precisely captured these events (Figure 11 ) by highlighting the three worst drought years (2002, 2006, and 2008) by showing during these years, highest cropland fallows and lowest cropland areas (Figure 11 , with some spatial illustrations in Figure 10 ). Furthermore, drought years also had lowest crop vigor (Figure 12 ) on existing croplands of those years.
Furthermore, this research has shown the strength of ACCA algorithm developed based on knowledge capture and coding in accurate cropland mapping over very large areas such as continents. The main advantages of the ACCA algorithm are its: (a) development which is based on precise knowledge obtained from extensive field visits, (b) ability to automatically, and accurately compute croplands year-after-year, and (c) simplicity in concept and application. As long as knowledge is clearly deciphered as outlined in Figure 5 and Section 4.0, it can be encoded precisely to achieve accurate results.
In addition to the lowest cropland areas, these years show the highest fallow croplands in the ACP2002, ACP2006, and ACP2008 products (see marked 'D' for drought in Figure 11 ). In contrast, the two best years (highest precipitation years), (Murray-Darling Authority 2009 Australian Bureau of Meteorology 2009; NASA Earth Observatory, n.d.) also showed highest cropland areas as well as lowest cropland fallow areas (see marked 'G' for good in Figure 11 ). These results further validate our ACCA algorithm's ability to accurately, automatically, and rapidly provide cropland products, including croplands versus cropland fallows, as well as derive their cropland areas (e.g. Figures 10 and 11) . Figure 12 also reveals that the three worst drought years (2002, 2006, and 2008) nearly 10 Mha (Figure 11) . Furthermore, the mean MODIS 250 m scaled-NDVI during peak growing period was only about 5200 during the worst drought year of 2002 when compared with a scaled-NDVI of about 6800 during the peak growing period of the best year (2000) (Figure 12 ). This demonstrates that not only do the cropland fallow areas increase significantly and cropland areas decrease significantly during drought years (Figure 11 ), the areas that are cropped also have significantly lower in biomass and biomass vigor (Figure 12 ). The combination of these two factors will have a significant impact on the quantum of food produced -both in terms of quantity and quality. This is because, when the cropland extent reduces significantly, production also reduces significantly. In drought years, vigor is lesser even when a crop exists. Such croplands with less vigor results not only in quantity reduction but also quality reduction. Hence the study clearly demonstrates the ACCA algorithm ability to picture the food security scenarios, year-after-year and clearly demonstrates that the ACCA algorithm is sensitive to climate variability. This approach and method is expected to work better in large industrial agriculture such as Australia, USA, Europe, and Canada. But how well such methods work in subsistence agriculture such as in Africa, India, and China where often the field sizes are small needs to be tested. Approach may require us to use MODIS time-series along with Landsat and/or Sentinel time-series. Such an approach will allow not only rich temporal resolutions but also rich spatial resolutions. Furthermore, major crops such as wheat, rice, and corn are grown extensively over large contiguous areas, field after field, even when filed sizes are small in India and China. In Africa, challenges will be much higher. But, with rich ground data along with a combination of MODIS and Landsat and/or Sentinel time-series data should help address these issues.
Others have used machine learning algorithms like the ensembles of decision trees in random forest algorithms (Gislason, Benediktsson, and Sveinsson 2006; Hentze, Thonfeld, and Menz 2016; Tatsumi et al. 2015) , and spectral angle mapper (Kumar et al. 2016 ) for cropland mapping. They are fast and simple to train, and predictive but a major limitation is to have sufficient number of training samples in each class to be mapped to get an accurate outcome. For example, if we are mapping irrigated versus rainfed, we will need training data in entire range of irrigated and entire range of rainfed to ensure we capture accurate outcome in classification. Other machine learning algorithms like the support vector machines (Mountrakis, Im, and Ogole 2011) can be very inefficient and complex to train. The ACCA algorithm is simple to train and implement using a set of recursive rules that captures the accurate knowledge base in the RCPs and codifies it. ACCA algorithm is then validated for the year(s) or season(s) it is developed, as well as independent years to ensure its robustness. Once this is achieved, ACCA algorithm is applied to hind-cast, now-cast, and future-cast and produce cropland products automatically and accurately as we have demonstrated in this study.
Our attempt to develop crop type maps for Australia at MODIS 250 m resolution was not successful. This was because almost all rainfed crops, which occupy about 95% of Australia's croplands, have the same phenology, are grown during the same rainy season, and often have two or more crops in a MODIS 250 m (6.25 hectare) nominal pixel resolution. These factors resulted in the MODIS 250-m NDVI time-series ideal spectra for crop types too similar to one another, with only a minor difference in magnitude throughout the growing season. Hence it was not feasible to separate them without large omission and commission errors. Crop types are separated in some other studies (e.g. Kumar et al. 2016; Kontgis, Schneider, and Ozdogan 2015; Mariotto et al. 2013; Marshall and Thenkabail 2015; Qin et al. 2015) . However, these studies used, one or more of the following: (a) high spatial resolution (e.g. 30 m) data, (b) high spatial resolution with high temporal resolution (e.g. several 30 m images during the season), and (c) very large and homogeneous field size (e.g. US Midwest for simple cases such as corn versus soybeans).
We use ACCA algorithm to produce other key cropland products: (1) cropland extent, (2) irrigated versus rainfed, (3) cropping intensity, and (4) croplands versus cropland fallows. These products are ideal for assessing food security scenarios. For example, of the 58.55 Mha (Table 3) of total croplands (croplands and cropland pasture) in Australia during the year 2014, 95.6% was croplands (91.5% rainfed and 4.1% irrigated) and 4.4% was cropland fallows (Figure 13 , top image). Year 2014 was a normal year in terms of rainfall (478 mm). Given that the overwhelming proportion of the Australia's croplands are rainfed, normal rainfall is very critical to agriculture. The Product 2 ( Figure  13 , middle image) shows the spatial distribution of the rainfed cropland (91.5%) as opposed to irrigated croplands (4.1%), with rest 4.4% being cropland fallows during 2014. Australia has very low percentage of irrigated croplands; these are located overwhelmingly in Murray-Darling river basins on the east. Finally, as per Product 3 (Figure 13 , bottom image), rainfed single crops (92.1%) dominate, followed by irrigated single crop (2%), irrigated continuous crop consisting of orchards and plantations (1.7%), and negligible irrigated double crop (0.1%). There is tremendous value in each of these products in helping to answer questions related to cropland water use (e.g. single crop in a season will have much less water used compared to double crop), food security (e.g. area cropped versus area left fallows), and green water use (rainfed croplands) and blue water use (irrigated croplands).
Uncertainty in croplands products is very low for most classes as seen in accuracy assessment error matrices (Tables 4, 5 and 7). Highest uncertainty exists for cropland pasture class. Greater reliability of this class and further improvement in uncertainties in other classes can be achieved by series of measures that include: (a) gathering greater number of samples, (b) better spatial distribution of sample locations, (c) better understanding of the variability in the cropland pasture class, (d) collecting data over multiple years and seasons, (e) incorporating ancillary data (e.g. climate) in addition to remote sensing in data cubes, and (f) a whole host of other parameters such as integrating multi-sensor data (e.g. MODIS with Landsat, and Sentinel).
Finally, the value of these maps and products are many. First, the same six cropland classes (e.g. Figure 7 and 9) can be generated for entire Australia year-after-year rapidly, routinely, automatically, and accurately using ACCA algorithm and MODIS 250-m 16-day time-series data. Second, we can hind-cast, now-cast, and future-cast the same six cropland classes year-after-year automatically using ACCA algorithm using MODIS 250-m 16-day time-series data. Third, cropland area statistics, at national and subnational level, can be computed from these. Fourth, the ACCA algorithm can help determine spatial distribution and areas of croplands versus cropland fallows during any year that can help highlight and quantify extent and magnitude of drought, normal, and good years. Fifth, all of these products can be used in assessing food and water security analysis. Nevertheless, there is significant scope for further improvement in these products. For example, high resolution remote sensing data (e.g. Landsat 30-m or Sentinel-2 10-m or 20-m) can be used to produce even better nominal baseline cropland masks at 30-m (BCM-30 m) than the baseline cropland mask at 250-m (BCM-250 m). More recently, Australian Collaborative Land Use and Management Program (ACLUMP), Bureau of Rural Sciences, has produced a 50-m product (http://www.agriculture.gov. au/abares/aclump/Pages/land-use/data-download.aspx) at four times during the study period. Nevertheless, routine, repetitive, and rapid computation of croplands versus non-croplands for the years past, present, and future (e.g. Figure 11 and 10) is only possible through 16-day time-series data available from MODIS. Furthermore, MODIS offers consistent data for the entire world, routinely acquired twice a day and time-composited for 16-day periods, offering clean near cloud free data of the entire world. Such high quality near cloud free data time-series at higher resolution like 50-m or 30-m for the entire world is still quite some time away even with combination of Landsat and Sentinel. Further MODIS 16-day data offers other advantages such as the study of cropping intensity (Figures 12 and 13 ) or irrigated and rainfed (e.g. Figure 13 ). Also, computing challenges of handling 50 and 30-m data still exist and are significant. However, with recent advances in cloud computing and machine learning algorithms, the future of remote sensing in cropland studies should plan to integrate 50 or 30-m high resolution data from satellite systems such as Landsat and Sentinels with temporal capabilities of MODIS 250-m data.
Conclusions
This research developed and demonstrated a novel ACCA to (a) hind-cast, (b) now-cast, and (c) future-cast cropland products (croplands versus cropland fallows, cropland extent/areas, cropping intensity, irrigation versus rainfed) year-after-year using MODIS 250-m NDVI 16-day time-series data. First, an RCP was generated for the year 2014 (RCP2014) using extensive ground data, MODIS 250 m NDVI 16-day time-series data, and QSMTs. The RCP2014 accuracies achieved: (a) an OA of 83.1% with kappa coefficient of 0.75 for six cropland classes involving rainfed, irrigated, and pasture classes and (b) an OA of 98.2% with kappa coefficient of 0.91 for croplands versus noncroplands. Second, a rule-based ACCA algorithm was developed based on the knowledge captured by the RCP2014. The ACCA developed cropland product for the year 2014 (ACP2014) was then validated with RCP2014. Based on a pixel-by-pixel comparison (13,650,958 cropland pixels) of the two products, the error/similarity matrix produced an overall accuracy/similarity of 89.4% (kappa = 0.814) with six class: (a) producer's accuracies varying between 72% and 90% and (b) user's accuracies varying between 79% and 90%. Third, ACPs for individual years 2000-2013 and 2015 (ACP2000-ACP2014 and ACP2015) were computed automatically and rapidly using ACCA algorithm applied on MODIS-NDVI time-series for these years. Hind-casting was performed for 14 years (years 2000 through 2013) by successfully and accurately applying ACCA algorithm developed for the year 2014 data on time-series MODIS data of the past years (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) . Future-casting was performed for one year (year 2015) by successfully and accurately applying ACCA algorithm developed for the year 2014 on time-series MODIS data of a future year (2015) . The cropland areas versus cropland fallow areas of the 16 years (2000 through 2015) showed that the three worst drought years (2002, 2006, and 2008) of the century for Australia were clearly captured by ACP2002, ACP2006, and ACP2008 -these drought years had highest cropland fallow areas. Fourth, ACCA algorithm successfully captured year by year variations on cropland versus cropland fallow areas as well as variations in year by year cropland vigor. These two factors (change in cropland extent\areas and change in cropland vigor) help determine crop productivity variations resulting in food security assessments and policy formulations. Fifth, the cropland products were released through https://croplands.org/ app/map and sample data and algorithms are released through http://geography.wr.usgs.gov/ science/croplands/algorithms/australia_250m.html
